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Advertising’s Minimum Effective Dose: How Parsec Models the Value of Attention 

by Erik Nylen, PhD 

Head of Data Science at Parsec 

 
Parsec is a media company that helps brand marketers discover the value of media 

placements. In contrast to direct marketers, who value media according to predicted likelihood 

to drive a conversion, brand marketers are primarily trying to change people’s minds. 

Determining media value is harder for them. While surveys can reveal how successful their 

campaign was as a whole, they shed no light on how audience subsets, creative variations, 

publishers, formats or placements contributed to the overall campaign impact. Also, because 

they’re backward-looking, surveys are not very useful for buyers charged with deciding which 

impression opportunities to prioritize each day of a campaign’s flight. 

 
Parsec addresses these challenges by modeling the relationship between brand lift as captured 

in survey results and trackable elements of ad exposures that indicate attention. Now we can 

specify how ads that get more attention drive more lift. 

 
The key component is duration. It turns out the question of how the arrow of time maps to 

brand lift is a hard one. To explain how we did it, it’s helpful to compare Parsec’s software to a 

product everyone is familiar with, that also tracks duration: Google Maps. 

 

Say it’s midday, you’re in Madison Square Park and you realize you need to get downtown to 

Battery Park. You open Google Maps and see the trip will take 16 minutes at best. This 

duration, 16 minutes, is a prediction that Google is making based on assessment of (1) 

historical data of people traveling your route, and (2) any additional real time traffic data. 

 
Google can do this because they measure time. They receive reports of where phones are at 

various points in time. Imagine if they only had snapshots of your speedometer: they would 

never be able to tell how far you’d gone. But by adding a clock to the speedometer data, 

Google can take the sum over the speeds as a function of time to determine distance. Calculus 

aficionados will recognize that in so doing, Google performs an integral. 

 
For Parsec, we determine a psychological distance, from a figurative point A to point B. But just 

like in literal distance, there’s a minimum quantity required for arrival. 

 
Interested as we are in the value of every second of attention, we measure ad exposures with 

a number of different clocks. (We also weight seconds by factors including coverage and 

clutter, which have been proven by Karen Nelson Field of Australia’s Centre for Amplified 

Intelligence to affect attention.) 



 
Each timer runs in isolation: one for when more than 0 pixels of an ad are on screen, one for 

when at least 50% of pixels are on screen, and one for when 100% of pixels are on screen. 

We used observations from these three clocks to create our first model, a simple prediction of 

future attention. With three duration values, can we predict a future duration. 

 
Then, we applied the same framework and paired the data with controlled, single-question 

surveys to determine campaign impact. 

 
Next, we performed testing to find the model that captures the most variance with the fewest 

number of parameters. Initially, we found an increasing relationship between brand lift and 

each attention metric -- not so surprising. 

 
The model selection procedure (using Akaike Information Criteria) revealed that non-

monotonic functions emerged as the leading models for three of the measures, and one 

monotonic, saturating function emerged for another time metric. We’re currently evaluating 

how much time can account for variance for each second, mostly to discern if these sorts of 

maxima actually do have a decrease, or if our explanatory power is only effective until, say, 

eight seconds. Intuitively, it seems there’s three real possibilities: (1) a downward slope at the 

top is an artifact of increased error, (2) if this is a local maximum, it may reveal for how long 

duration remains a useful metric to measure brand outcomes, or (3) over-exposure to 

advertising drives incrementally negative results. 

 
Like Google Maps, which uses historic observations to predict an optimum, we’ve used historic 

observations to predict optimal paths. 

 
Frequency is a core part of the model. But using frequency alone as a gauge of brand impact 

would be like Google Maps only looking at how many times you pressed the gas pedal: 

obviously insufficient. 

 
The minimum effective frequency of any ad depends on each exposure’s lengths (remember, 

there are multiple time clocks). Any new impression might result in a different quality and 

quantity of attention. Thus, optimal frequency is never a set number. Recommending a single 

frequency is like a doctor prescribing a number of pills of varying milligram content of the 

active ingredient per pill. 

 
The approach of applying a viewability threshold, similarly, is like a doctor prescribing 5 pills 

and mandating that each pill contain at least 100 mg of the drug. If you got this advice and bag 



of loose pills, some 200 mgs, some 100 mgs, some 1000 mg, you would question the aptitude 

and licensure of your doctor. 

 
Frequency is a simple concept, so it’s perhaps no wonder that the industry embraces it as a 

standard for effective advertising. Then again, it was developed for traditional media, in which 

ad exposures are more-or-less standardized, and viewing tends to be passive. 

 
Digital ad exposures vary widely in all the parameters that matter for attention. For that 

reason, we should embrace the technology and calculus required to determine the value of 

each. As our friends in finance and sports discovered, benefits flow to those who implement 

systems to predict the future value of all the assets available to them for purchase. 

 


